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Abstract

A neuro-wavelet supervised classifier is proposed for
land cover classification of multispectral remote sensing
images. Features extracted from the original pixels using
wavelet transform (WT) are fed as input to a feed forward
multi-layer perceptron (MLP). A set of wavelets from dif-
ferent groups have been used and it is found that biorthog-
onal3.3 wavelet performs better. The performance is eval-
uated on a set of remote sensing images using two quanti-
tative indices (β index of homogeneity and Davies-Bouldin
(DB) index for compactness and separability of classes).

1 Introduction

Complexities in classification of land cover regions of re-
mote sensing images increases because of poor illumination
quality and low spatial resolution of remotely placed sen-
sors and rapid changes in environmental conditions. Multi-
spectral remotely sensed images comprise information over
a large range of frequencies (information) at different re-
gions, which needs to be estimated properly for improved
classification. Many classification systems detect object
classes only using the spectral information of the individ-
ual pixel/pattern ignoring its spatial dependencies. Such ap-
proaches may be reasonable if spatial resolution is high or
when the spectral intensities are well separated for different
classes, which is rarely found in any real life data.

Research efforts have been made to take the advantages
of neighboring pixels’ information [7, 15] and applied for
the classification of remotely sensed data. These include
textural features extracted from angular second moments,
contrast, correlation, entropy, variance, etc., computed from
the gray level co-occurrence matrices [7]. These methods
are computationally expensive due to the estimation of au-
tocorrelation parameters and transition probabilities. Also,
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the texture elements are not easy to quantify and it deals
with the spatial distribution of the gray levels over a portion
of an image.

One efficient way to deal with such problems is to rec-
ognize the image by a number of subsampled approxima-
tions of it at different resolutions and desired scales called
multiresolution analysis [9]. In this regard Gabor filters
[17] and wavelet transform (WT) [9] received a lot of atten-
tion. However, a major disadvantage in using Gabor trans-
form is that the output of Gabor filter banks are not mu-
tually orthogonal, which may result in extracting features
having significant correlation between them. Moreover,
these transformations are usually not reversible, which lim-
its their applicability for textural feature extraction. By us-
ing WT, most of these disadvantages can be avoided thereby
providing a precise and unifying framework for the analy-
sis and characterization of a signal at different scales [16].
Another advantage of WT over Gabor filters is that, the low
pass and high pass filters used in the WT remain the same
between two consecutive scales while the Gabor approach
requires filters of different parameters.

Research works related to texture segmentation/ classi-
fication using WT has already been carried out [16]. Use
of statistical correlation based features in the WT domain
for classification have also been reported in [6]. In another
study WT has been used for target classification of remote
sensing images [18]. A comparative study of multiwavelet
[14], wavelet, and shape features [7] for microcalcification
classification in mammogram has been described in [13],
where it is experimentally shown that the results of multi-
wavelet based approaches were better compared to wavelet
and statistical based features. However, the computational
complexities of multiwavelet based classification is much
higher than the wavelet based one.

Neural networks (NNs) are aimed to emulate the biolog-
ical nervous system with the hope of achieving human-like
performance artificially by capturing the key ingredients re-
sponsible for the remarkable capabilities of the human ner-
vous system [8]. Interactions among the neurons is very
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high in NNs making them suitable for taking collective de-
cisions. The main characteristics of NNs namely, adaptiv-
ity, fault tolerant, robustness and optimality play important
roles particularly in the field of pattern classification. Many
attempts to use NNs for land cover classification of remote
sensing imagery are available [3].

In the present work we have explored the advantages of
WT, by incorporating it as a preprocessor in the classifica-
tion process. We have considered a feed forward multi-layer
perceptron (MLP) [8] classifier in the proposed scheme for
land cover classification of remote sensing images. In this
method we first extract features of the input patterns/pixels
using WT and use these features for the next step of classi-
fication.

2 WT based feature extraction

To deal with the non-stationary behavior of signals many
research works have been carried out. Efforts are made to
overcome the disadvantages of Fourier transform [4, 9] that
assumes the signal to be stationary within its total range of
analysis. Short Time Fourier transform (STFT) and wavelet
transform (WT) [4, 9] are examples of such transforms.
However, selection of window function is a major problem
in STFT which is overcome by WT. WT tries to identify
both the scale and space information of the event simulta-
neously which make it more useful for feature analysis of
remote sensing image.

We have used wavelets from different (Daubechies,
biorthogonal, coiflets, symlets) groups [4]. However, re-
sults are given for three wavelets as their performances
are (empirically) better than others. These are Daubechies
3 (Db3), biorthogonal3.3 (bior3.3) and biorthogonal3.5
(bior3.5) wavelets [4]. These wavelets are implemented
with the multiresolution scheme given by Mallat [9], which
is briefly described below for 2-dimensional (2-D) case.

2.1 Discrete WT and multiresolution analysis

The 2-D WT is performed by consecutively applying 1-
D WT on rows and columns of an image decomposing it
into four sub-images [9]. Thus in one level decomposition
of the 2-D WT, four sub-sampled versions (one approxima-
tion (LL) in low frequency range and three details (LH, HL,
HH) in high frequency range) of the original image are ob-
tained.

The level of decomposition depends on the problem in
hand. To have an objective evaluation, we computed the
average entropy, which provides a measure of information,
of the image for each level. We found that the average en-
tropy value is not changing significantly after a certain level
of decomposition; and we decided to decompose up to that

level. For the present experiments we stopped decompo-
sition after second level only, as the entropy measure was
not changing much after this; and thus we were not getting
extra information after this level of decomposition, but the
cost of computation was increasing. From the WT coeffi-
cients the corresponding reconstructed images are obtained
using inverse WT, which represent extracted features of the
original image.

2.2 Feature extraction

In the feature extraction process, different bands of im-
ages are decomposed into the desired level (second level for
the present experiments) using the 2-DWT, which provides
four sub-images (wavelet coefficients) from each band. Af-
ter inverse WT of these sub-images (called reconstruction),
we get the wavelet features (WF) of the original image
band-wise. These WFs are then cascaded to get the ex-
tracted feature vectors representing the pixels of the original
multispectral image.

2.3 Neural networks (MLP)

The WF generated by WT are used as input to MLP [8]
which acts as a classifier.

Each processing node, except the input-layer nodes, cal-
culates a weighted sum of the outputs from the nodes in
the preceding layer to which it is connected. This weighted
sum then passes through a transfer function to derive its
own output which is then fed to the nodes in the next
layer. Thus, the input and output to node v are obtained
as netv =

∑
u WuvOu + biasv and Ov = S(netv), where

wuv is the weight for the connection linking node u to node
v, biasv is the bias value for node v, Ou is the output
of node u, and S stands for the activation function (AF)
(sigmoid function [8]). MLP uses back-propagation (BP)
learning algorithm [8] for weight updating. The BP algo-
rithm reduce the sum of squared error called cost function
(CF) between the actual and desired output of output-layer
neurons in a gradient descent manner. The error parameter
value thus generated is propagated backward to correct the
weights using the following equation:

∆Wvu(n + 1) = α∆Wvu(n) + ηδvOu, (1)

where n, α, η and δ are the iteration number, momentum
parameter, learning rate and node error, respectively. The
weight updating process is stopped when the corresponding
CF reaches to a desired value. The details of BP algorithm
including derivation of the equations can be obtained from
[8].
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3 Performance measurement indices

A brief description of two performance measures used in
the present study are given below.

β index is defined [11] as the ratio of the total variation
and within-class variation. For a given image and given
number of classes, the higher the homogeneity within the
classes, the higher would be the β value. Mathematically β
can be represented as

β =


 C∑

i=1

Mi∑
j=1

(xij − x)2


 /


 C∑

i=1

Mi∑
j=1

(xij − xi)2


 , (2)

where x is the mean grey value of all the pixels of an image,
Mi is the number of pixels in the ith (i = 1,2,...C) class, xij

is the grey value of the jth pixel (j = 1, 2, ...Mi) in class
i, and xi is the mean of Mi pixel values of the ith class.
The effectiveness of β index in evaluating the classification
/ segmentation quality has already been reported [2, 10, 11].

Davies-Bouldin (DB) index for cluster validation has
been defined and used in [5]. The DB index is based on
the evaluation of some measure of dispersion Si within
the ith cluster and the distance (dij) between the proto-
types of clusters i and j. The dispersion Si of ith clus-
ter and the separation dij between the ith and the jth clus-

ters are defined as Si,q =

(
1

|Xi|
∑
xεXi

||x − vi||q/2

) 1
q

, and

dij,t =

[
p∑

s=1

|vsi − vsj |t
] 1

t

. Si,q is the qth root of the qth

moment of the points in cluster i with respect to their mean
or centroid (vi), and is a measure of dispersion of the points
(x) in cluster i. |Xi| is the cardinality of cluster i. Si,2 is
the square root of the mean square error of the points in the
extracted ith class with respect to the centroid of it, and so
on. dij,t is the Minkowski distance of order t between the
centroids that characterize the extracted classes i and j. In
the present experiment we have taken q = t = 2. Hence

we compute Ri,qt = maxj,j �=i

[
Si,q+Sj,q

dij,t

]
. The DB index

is then defined as DB = 1
K

K∑
i=1

Ri,qt, with K as the number

of clusters/classes. The smaller the DB value the better is
the partitioning [5].

4 Results and discussion

In the present investigation a set of remote sensing im-
ages are used with a suitably designed MLP. The results are
presented on two images (due to limitation of article length)
with different spatial and spectral resolution. Selection of

the training samples for present study are made according to
a prior knowledge (ground truth) of the land cover regions.
These training samples are used to estimate the parameters
of the MLP classifier. After learning the classifier, it is used
to classify the land covers of the whole image.

4.1 Description of images

Two images (size 512 x 512 pixels) are reported in the
present study. They are taken from two different satellites
namely, Indian Remote Sensing Satellite 1A (IRS-1A) [1]
and SPOT (Systeme Pour dObservation de la Terre) [1].
Due to poor illumination, the actual classes present in the
input images are not visible clearly. So we have presented
the enhanced images in Fig 1. The algorithm is imple-
mented on actual (original) images.

IRS-1A image: The image is taken from the Linear
Imaging Self Scanner bearing spatial resolution of 36.25 m
x 36.25 m and works in the wavelength range of 0.45-0.86
µm. The whole spectrum range is decomposed into four
bands, namely blue (band1), green (band2), red (band3) and
near infrared (band4) with wavelengths 0.45-0.52 µm, 0.52-
0.59 µm, 0.62-0.68 µm, and 0.77-0.86 µm, respectively.
The image in Fig. 1a cover an area around the city of Cal-
cutta in the near infrared band having six major land cover
classes. These are pure water (PW), turbid water (TW),
concrete area (CA), habitation (HAB), vegetation (VEG)
and open spaces (OS).

(a) (b)

Figure 1. Input images: (a) IRS-1A (band4)
and (b) SPOT (band3)

SPOT image: The SPOT image shown in Fig. 1b is ob-
tained from SPOT satellite [12], which carries an imaging
device named as HRV (High Resolution Visible). The imag-
ing device works in the wavelength range 0.50-0.89 µm.
The whole spectrum range is decomposed into three spec-
tral bands namely, green (band1), red (band2) and near in-
frared (band3) of wavelengths 0.50-0.59µm, 0.61-0.68µm,
and 0.79-0.89µm, respectively. This image has spatial res-
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olution of 20m x 20m. We have considered the same six
classes for the land cover classification of the SPOT image
as in case of IRS-1A.

4.2 Classification of IRS-1A image

The classified images obtained using MLP (original fea-
tures) and MLP with bior3.3 wavelet are only shown in
Figs. 2a and 2b, respectively as MLP performed well with
bior3.3 wavelet compared to other wavelets. From the vi-
sualization point of view, it is clear from the figures that
the proposed neuro-wavelet (NW) classifier performed bet-
ter in classifying the land covers (i.e., segregating different
areas) compared to its corresponding neural version. Var-
ious known objects are clearly identified in the classified
image. These objects are more or less visible in case of the
classified image obtained by only MLP (with original fea-
tures) as shown in Fig. 2a. With the use of WF the classes
became more clear and well identified. Further a concrete
distinction between various classes obtained by the classi-
fier with different wavelets are justified with the evaluation
of quantitative indices.

(a) (b)

Figure 2. Classified IRS-1A image by (a) MLP
(original features), (b) WT (bior3.3)+ MLP

Two quantitative indices namely, β and DB, as discussed
in Section 3, have been used to justify the above find-
ings. Table 1 depicts the results of β. As expected, the
β value is the highest for the training data. This value is
increased with the use of WF based MLP classifier as ob-
served from Table 1. It is clear that the classification result
with bior3.3 wavelet is providing the highest β value com-
pared to others. Thus we can establish a β relation in terms
of the performances of classifiers’ with different wavelets
as βbior3.3 > βDb3 > βbior3.5.

In the present investigation the performance is also com-
pared with the percentage of accuracy (PA) achieved with
different classification methods. PAβ is calculated on the
basis of β value obtained with training data. We assumed

Table 1. Comparison of β and PAβ values for
different NW classification methods

Classifier Wavelet IRS image SPOT image
β PAβ (%) β PAβ (%)

Training patterns - 9.4212 100 9.3343 100
MLP - 7.1487 75.87 7.0341 75.35

WT with MLP Db3 7.7124 81.86 7.6121 81.54
WT with MLP bior3.3 7.7586 82.35 7.7143 82.64
WT with MLP bior3.5 7.1678 76.08 7.2013 77.14

that the β value for training data is equivalent to 100%
accuracy of the classifiers and the accuracy obtained with
any of the classifiers can be compared on the basis of its β

value. Thus PAβ can be expressed as PAβ =
(

βcl

βtr

)
×100.

where βcl and βtr are the β values obtained from the classi-
fied image and training data, respectively. A PAβ of 75.87
and 82.35 are achieved with the use of MLP (with origi-
nal features) and proposed NW classification methods with
bior3.3 wavelet, respectively. This shows that nearly 7%
increase in classification accuracy is achieved with the pro-
posed classification method compared to original spectral
feature based classifier.

Table 2. Comparison of DB values for differ-
ent NW classification methods

Classifier IRS-1A image SPOT image
MLP 0.9347 2.3105

MLP+Db3(wavelet) 0.8922 2.1823
MLP+bior3.3(wavelet) 0.8213 1.9947
MLP+bior3.5(wavelet) 0.8603 2.1122

Similar to the β index comparison, the DB index also
supported the superiority of the proposed WF based classi-
fication method. The DB value using MLP for IRS-1A im-
age is 0.9345. This value is better (0.8213) with the bior3.3
wavelet based features. Considering all cases we can infer
that the combination of MLP and bior3.3 wavelet is outper-
forming the other wavelets and MLP (with original features)
based methods.

4.3 Classification of SPOT image

For SPOT image, the classified regions of the image are
shown in Fig. 3a for MLP (original spectral features only)
and Fig. 3b for the proposed NW classifier. It is observed
that there is a clear separation of different classes and some
known regions by the proposed method. It is also evident
that the proposed method produced a well structured and
proper shaped regions compared to the MLP with original
spectral features. However, a better performance compari-
son with the help of β value can be seen from Table 1. As
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(a) (b)

Figure 3. Classified SPOT image by (a) MLP
(original features), (b) WT (bior3.3)+ MLP

expected the β value for the training data set is the highest.
The MLP classifier with different WF is providing a higher
β value compared to its corresponding original spectral fea-
ture based version. A further improvement in performance
is observed with bior3.3 wavelet. The same β relation in the
classification of SPOT image is observed as in case of IRS-
1A image. A comparative analysis in terms of PAβ for the
classifiers are made and found that the MLP classifier with
bior3.3 wavelet provided 82.64% accuracy, which is more
(nearly 7%) compared to the PAβ value of 75.35% obtained
with the MLP.

Like the β index, the DB values also corroborate the ear-
lier findings. Comparative DB values for the proposed and
MLP with original feature based classification methods are
shown in Table 2, which strengthens the previous findings.

5 Conclusion

In the present article, we have proposed a WF based neu-
ral (MLP) approach for classification of multispectral re-
mote sensing images. The scheme tried to explore the possi-
ble advantages of using wavelet transform as a preprocessor
for the neural classifier. The improvement in performance
of the proposed method is verified from the results obtained
in the classification of two remote sensing images. Vari-
ous performance measures supported the superiority of the
proposed classifier over others.
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